Abstract. Thailand experienced several epidemic waves of the highly pathogenic avian influenza (HPAI) H5N1 between 2004 and 2005. This study investigated the role of water in the landscape, which has not been previously assessed because of a lack of high-resolution information on the distribution of flooded land at the time of the epidemic. Nine Landsat 7-Enhanced Thematic Mapper Plus scenes covering 174,610 km 2 were processed using k-means unsupervised classification to map the distribution of flooded areas as well as permanent lakes and reservoirs at the time of the main epidemic HPAI H5N1 wave of October 2004. These variables, together with other factors previously identified as significantly associated with risk, were entered into an autologistic regression model in order to quantify the gain in risk explanation over previously published models. We found that, in addition to other factors previously identified as associated with risk, the proportion of land covered by flooding along with expansion of rivers and streams, derived from an existing, sub-district level (administrative level no. 3) geographical information system database, was a highly significant risk factor in this 2004 HPAI epidemic. These results suggest that water-borne transmission could have partly contributed to the spread of HPAI H5N1 during the epidemic. Future work stemming from these results should involve studies where the actual distribution of small canals, rivers, ponds, rice paddy fields and farms are mapped and tested against farm-level data with respect to HPAI H5N1.
Introduction
Highly pathogenic avian influenza (HPAI) H5N1 first appeared in Thailand in early 2004 and the country faced several epidemics in 2004 and 2005, outbreaks of which the World Organization for Animal Health (OIE) was duly notified. In the following years, the disease reoccurred sporadically with four, three and four outbreaks in 2006 , respectively (OIE, 2011 . In October 2004, Thailand's Department of Livestock Development implemented a national-wide, active surveillance system, termed the "x-ray surveys", in order to produce a comprehensive view of the epidemiological situation in the field and mount a response to the epidemic for the immediate future. A longer-term control strategy was also planned. The survey, carried out by 100,000 trained inspectors, provided an unprecedented dataset of HPAI H5N1 including disease status and poultry census georeferenced at the village level (Tiensin et al., 2005 (Tiensin et al., , 2007 . Thanks to this detailed dataset, the spatial epidemiology of HPAI H5N1 in Thailand could be analysed in a number of studies involving descriptive mapping tools (Tiensin et al., 2005 (Tiensin et al., , 2007 , statistical and geo-statistical approaches (Gilbert et al., 2006; Tiensin et al., 2009; Paul et al., 2010; Souris et al., 2010; Walker et al., 2012) or mathematical modelling (Marquetoux et al., 2012) . Those studies helped characterise the main spatio-temporal patterns of H5N1 outbreaks during the epidemics and also substantially contribute to identifying the risk factors associated with HPAI H5N1 with implications at large spatial scales such as, for example, the distribution of free-grazing ducks and rice production areas in Thailand and beyond (Gilbert et al., 2006 (Gilbert et al., , 2007 (Gilbert et al., , 2008 . However, this factor seems to have had a lower effect on risk in countries where duck farming is less intensive than Thailand, such as Indonesia or Bangladesh (Loth et al., 2010; Gilbert et al., 2011; Ahmed et al., 2012) .
In Thailand, the main risk factors found to be associated with HPAI H5N1 are free-grazing ducks, native chickens and the proportion of cocks (Gilbert et al., 2006; Tiensin et al., 2009; Paul et al., 2010) . However, Tiensin et al. (2009) also found native chickens to be negatively associated with H5N1 risk. In addition, several other risk factors, not related to the density of potential hosts, were identified at the sub-district level (administrative level no. 3), e.g. low elevation, high human population density, high crop intensity, presence of roads and presence of slaughterhouses. At the farm level, the risk factors were purchase of poultry from other farms, presence of ponds or canals near farmhouses and use of disinfectants to clean poultry areas. A review of factors identified in Thailand and in other countries has been carried out by Gilbert and Pfeiffer (2012) .
Water has long been suspected to play an important role in the persistence and spread of HPAI H5N1. Water-borne transmission is an important element of transmission of low pathogenic avian influenza in wild birds, while other avian influenza viruses, H5N1 Highly pathogenic avian influenza virus (HPAIV) in particular, have been demonstrated to persist in water under various conditions (Brown et al., 2009; Domanska-Blicharz et al., 2010) . Moreover, the HPAI H5N1 virus has been shown to survive for 3 days in water obtained from rice fields where ducks infected with HPAI H5N had been raised . Surprisingly, however, few studies include a measure of the abundance of water in the landscape as a risk factor for HPAI H5N1, and the few studies that do report such an effect were not carried out in Thailand (Pfeiffer et al., 2007; Adhikari et al., 2009) . Instead, previous studies in Thailand found HPAI H5N1 outbreaks to be strongly associated with lowland and areas producing multiple crops per year, though they provide no strong causal mechanism to explain these relationships. However, high crop intensity can only be carried out in irrigated/inundated areas, and this type of landscape in Thailand happens to exist in the Chao Phraya plain, where also most influenza outbreaks occurred. Therefore, these two factors may in fact be confounders of densely irrigated areas where HPAI H5N1 transmission would be mediated by contaminated water at the landscape level. In addition, strong rains occasionally cause floods that unexpectedly expand the inundated lands and further promote water-borne transmission.
In this study, we aimed to replicate some of the previous statistical modelling of HPAI H5N1 in Thailand by testing water-related variables in addition to the variables previously found to be associated with HPAI H5N1 (Gilbert et al., 2006) . The availability of reliable data on water streams and irrigation was a limiting factor in previous studies. However, freely available medium-resolution, remote sensing has the potential to compensate for this lack of field-related data by providing maps of the water situation at various times, something that could considerably help refining the spatial prediction of HPAI H5N1 risk (Tran et al., 2010) . Armed with this type of data, quantified from existing geographical information system (GIS) investigations, we set out to test the effect of the density of rivers and streams (the total length of rivers and streams per sub-district divided by their area) and the proportion of land covered by water during the second epidemic wave in October 2004 in each sub-district.
Materials and methods

Datasets used
In order to make the results comparable to previous studies, the HPAI H5N1 outbreak dataset used in this study was the same as the one analysed in Gilbert et al. (2008) with one notable difference. Instead of pooling poultry categories, which was necessary in Gilbert et al. (2008) to allow comparison with data from Vietnam, we used the individual poultry categories that were already analysed by Gilbert et al. (2006) and Tiensin et al. (2009) . These data included the number of native chickens, free-grazing ducks, meat-and-layer chickens, meat-and-layer ducks and the proportion of cocks. The analysis also included human population density and crop intensity as previously described (Gilbert et al., 2008) .
Study area and remote sensing
The study area cantered on the central Chao Phraya plain which covers an area of 174,610 km 2 of lower north, central and some north-eastern parts of , which results in stripes of data missing. We used the multi-scene gap-filling method to fill the SLC off gaps (Scaramuzza et al., 2004) . Gap filled images were stacked and mosaiced for the image classification.
The k-means unsupervised classification method (Tou and Gonzalez, 1974) was used for land cover mapping. The main criteria for choosing of the kmeans algorithm was to minimise the within-cluster variability as we intend to identify flooded areas with varying levels of surface water reflectivity due to clarity, turbidity and suspended materials in the flooding water. A common use for the k-means approach is when landscape patterns and environmental characteristics are complex, and when it is not feasible to predefine classes in an image. The method calculates initial class means evenly distributed in the data space and then iteratively clusters the pixels into the nearest class using a minimum distance technique. Each iteration recalculates class means and reclassifies pixels with respect to the new means. All pixels are classified to the nearest class unless a standard deviation or distance threshold is specified, in which case some pixels may be unclassified if they do not meet the selected criteria. This process continues until the number of pixels in each class changes by less than the selected pixel change threshold or the maximum number of iterations is reached. Ten classes were used here in order to seek the optimal separation of water classes from other types of land cover. The Exelis VIS ENVI (formerly ITT ENVI) image processing software package was used to classify the satellite images as explained above (Exelis VIS, 2010) .
Visible composite image and the spectral profile allowing examination of the spectral characteristics of the classified cluster were examined for class identification and naming. Only the classes composed of water bodies (lakes, rivers, streams and floods) were selected and combined in one class to be used for the statistical models. We post-evaluated the accuracy of the water class with additional ground truth data and high-resolution data from Google Earth images for accuracy. At 89%, this value was found acceptable and sufficient for the analysis.
Because lakes, rivers, streams and floods were difficult to accurately separate in the satellite image classification, a GIS dataset of water bodies composed of lake, rivers and streams from the Transport Fundamental Geographic Dataset (FGDS, Ministry of Transport) were included in this study. Three variables were summarised at the sub-district level: the proportion of land covered by water quantified from the Landsat image classification (that could be lake, rivers, streams and flooded lands), the proportion of land covered by lakes estimated from the GIS database, and the density of rivers and streams estimated from the GIS database.
Analysis
In order to remain consistent with the previously published models by Gilbert et al. (2006 Gilbert et al. ( , 2008 , we adopted a similar, autologistic regression analytical method to relate the presence or absence of HPAI H5N1 in a sub-district to all predictors (Gilbert et al., 2008) . In the autologistic regressions, an autoregressive term accounted for neighbouring observations weighted by their distance was included as covariate to the logistic regression to account for spatial autocorrelation (Augustin et al., 1996) As in those previous studies, the analysis was bootstrapped by randomly selecting three negative sub-districts for each positive at each bootstrap in order to avoid making the positive/negative ratio too unbalanced. Because classification of satellite imagery was only carried out for the central Chao Phraya Plain, the water-related variable was not available in the rest of the country (see Fig. 1 ). In order not to restrict our analysis to the central plain, which would have led to loss of other outbreaks and sub-districts in the analysis, we replaced the missing values at each bootstrap by values sampled from a normal distribution with the same mean and standard deviation as those observed in sub-districts where the values where available. We constructed five different models, the first two of which were built to match our previously published work, i.e. they included poultry variables, human population density and crop intensity. These first two models corresponded to each study periods: of land covered by lake (from GIS data) and the density of rivers and streams (from GIS data). The goal of building this third model was to quantify the improvement of the previous model by the inclusion of waterrelated variables. In addition, we also aimed to quantify if water-related variables affected the distribution of HPAI H5N1 outbreaks in chicken and ducks differently. We then built two additional models for period II: one where the dependent variable was the presence or absence of HPAI H5N1 in a chicken farm, and another where the dependent variable was the presence or absence of HPAI H5N1 in a duck farm. Table 1 summarises the significance and sign of the predictors in the different models. In the two default models (1 and 2; Table 1), corresponding to previous publications (Gilbert et al., 2006) using the same modelling framework, the main predictors during the first Table 1 . Summary results of the autologistic regression models.
Results
*The parameters of these models are provided in Table 2 Models 1 and 2 are those corresponding to the previously published studies, i.e. for the first period period showing a positive association with the presence of HPAI H5N1 at the sub-district level were the number of native chickens, the number of cocks, the human population and the mean crop intensity. During the second period, the predictors were the number of free-grazing ducks, the number of cocks, and the mean crop intensity. Model 3 was significantly improved by the addition of water-related variables, with an average area under the curve (AUC) increasing from 0.812 to 0.834. Fig. 1 presents the distribution of the two waterrelated variables that were found significant, i.e. the distribution of land covered by rivers and flooding and the density of rivers and streams at the sub-district level. The sign and significance of the other predictors remained similar to model 2 but without the water predictors.
The presence of HPAI H5N1 in chickens was most accurately predicted by the number of free-grazing ducks, the number of cocks, the mean crop intensity, the proportion of rivers and flooded land and the density of rivers and streams (model 4, Table 1 ). In the duck outbreaks models (model 5, Table 1), we found that the main predictors associated with HPAI H5N1 presence were the number of meat and layer duck, the number of free-grazing ducks, the number of cocks, the mean cropping intensity, the proportion of land covered by rivers and flooding and the density of rivers and streams. We also found a negative association with the number of native chickens. Table 2 presents the parameters of models 4 and 5, i.e. the model of HPAI H5N1 chicken or duck outbreaks, respectively, with all predictors included. The change in log-likelihood upon removal of each variable was used as an indicator of the contribution of each variable to the model fit, and allowed a better contrast with respect to the differences between the two models. For outbreaks observed in chickens, the number of Table 2 . Parameters of the autologistic chicken and duck regression models.
* Change in log-likelihood upon removal cocks was the predictor with the highest contribution to the model predictability. It was followed by the mean crop intensity, the number of free-grazing ducks, the density of rivers and streams and the proportion of land covered by rivers or flooding. In contrast, outbreaks in ducks were best predicted, by decreasing order of contribution to the model fit, by the number of free-grazing ducks, the number of meat-and-layer ducks, the density of rivers and streams, the mean crop intensity, the proportion of land covered by rivers or flooding and the number of cocks. The geographical distribution of the predictions made by these two models is presented in Fig. 3 . The figure highlights that the risk of a chicken outbreak is predicted to be distributed over a much wider area than the risk of an outbreak in ducks that is merely restricted to the central plain with high duck populations.
Discussion
The geographical distribution of HPAI H5N1 epidemics has already been investigated in several studies that have specifically analysed the statistical relationship between presence data at the sub-district level and several variables, or risk factors. These studies have allowed quantifying the possible effect of those risk factors, and to map the geographical distribution of HPAI H5N1 presence risk. However, the role of water in the landscape has not been previously assessed because of a lack of high-resolution information on the distribution of flooded land at the time of the epidemic. The incorporation of predictors of the water distribution in the landscape improved the HPAI H5N1 model during of the main epidemic of 2004/2005 in Thailand. The improvement was mod- erate, because a large part of the spatial variability was already explained by previous models including host-related variables and other predictors. In fact, if one removes the crop intensity variable from model 3, the variable describing the proportion of land covered by rivers and flooding becomes the third most important variable (just after the number of free-grazing ducks and the number of cocks). Water-related variables are apparently important in predicting both chicken and duck outbreaks, though the proportion of land covered by rivers and floods appeared slightly less important in predicting chicken than duck outbreaks (Table 2) .
Out of the three indicators of water presence, two were found to contribute significantly to the model fit: the proportion of flooded land in each sub-district at the time of the epidemic, and the density of rivers and streams. Both variables are potentially important descriptors of domestic duck habitats, i.e. areas where they can actively forage for food. With the HPAI H5N1 virus being able to persist in water and tropical conditions (Horm et al., 2012) , landscapes that combine both high densities of free-grazing ducks, a dense network of irrigation and river, and large, temporarily inundated land provide suitable conditions for waterborne transmission.
The two main water variables identified in this study are complementary. The spatial resolution of 30 m of the freely available Landsat images is not sufficient of detecting small streams, canals and rivers. In this case, the database of rivers and streams adds a level of detail that the remotely sensed data cannot provide. In contrast, these streams and rivers data, representing the potential water network, may not have been filled at the time of the epidemic and may therefore not be effectively used as domestic duck habitats or involved in HPAI H5N1 transmission. Furthermore, this database does not cover the large parts of land inundated by water. In this regard, medium-resolution satellite imagery adds a temporally explicit estimate of the actual presence of water in the field that the river and stream database cannot capture. Interestingly, although we had somehow anticipated that these two variables would replace the mean crop intensity in the model, the latter remained significant. This suggests that the mean crop intensity describes landscape features typically associated with HPAI H5N1, which was not captured by the datasets of rivers, streams or inundated water bodies tested here. Permanent water bodies such as dams were not found to correlate with HPAI H5N1 risk. These are mostly located in the highlands and constructed for hydroelectric and irrigation purposes and not associat-ed with the cropland directly. The irrigation networks, in contrast to the canals are dug in the central plain to carry floodwaters from the Chao Phraya River to the croplands. Similar results linking HPAI H5N1 risk to the presence or abundance of water were already found in Romania (Ward et al., 2008 ), People's Republic of China (Fang et al., 2008; Martin et al., 2011) , and also in Thailand (Paul et al., 2011) where the presence of HPAI H5N1 at the farm level was found to be associated with the presence of a pond or canal around the farmhouse. This risk factor appears at a different scale in Thailand but also in very different agricultural and climatic conditions such as those encountered in People's Republic of China or Romania.
Along the water-related variables, a few other interesting results are provided by this study. First, cocks were found to be a much stronger risk factor than in previous studies. Cocks are frequently transported over long distances to arenas for fighting or training where transmission can easily occur. These activities may have enhanced the odds of transmission over relatively long distances between infected and susceptible hosts. Second, we observed a shift in the most important risk factor between period I and period II. During the first period, the main risk factors were the number of cocks and native chickens, while the number of free-grazing ducks was not found to be associated with the presence of HPAI H5N1 outbreaks. In the second period, however, the number of native chickens was no longer an important factor as the risk was of relatively much higher importance with respect to the free-grazing ducks and mean-crop intensity. This may be linked to their different roles during the two periods of the epidemics with a primary period with a relatively stable and low incidence, mainly associated with native chicken and cocks, and a second period with an epidemic flare-up associated with free-grazing ducks and cocks. Previous models had also identified human population as a significant risk factor (Gilbert et al., 2006) , whereas we only found this factor to be significant during period I. However, this is not contradictory since previous studies pooled the epidemic data into a single dataset.
The water-related variable identified in this work call for landscape-scale studies, where the actual distribution of small canals, rivers, ponds, rice paddy fields and farms could be mapped and matched against farm-level data on HPAI H5N1 presence. This would provide more explicit hypotheses regarding the potential transmission through water, which could be tested by targeting the space-time distribution of HPAI H5N1 cases in relation to the distribution of rice harvest and the network of irrigation canals.
